Abstract: In recent years, developments in Plug in Hybrid Electric Vehicles (PHEVs) have provided various environmental and economic advantages. In the future smart grids, PHEVs are seen as an important means of transportation to reduce greenhouse gas emissions. One of the main issues regarding to this sort of vehicles is managing their charging time to prevent high peak loads over time. Deploying advanced metering and automatic chargers can be a practical way not only for the vehicle owners to manage their energy consumption, but also for the utilities to manage the electricity load during the day by shifting the charging loads to the off-peak periods. Additionally, an efficient charging schedule can reduce the users' electricity bill cost. In this paper we propose a new coordinated multi-period management model for PHEVs charging scheduling based on multiobjective approach, aiming at optimizing customers charging cost. In the proposed method, a stochastic model is given for starting time of charging, which makes the method a practical tool for simulating the vehicle owners charging behavior effectively. In order to verify the effectiveness of the proposed method, two market policies are used as case studies. The computation results can be used to evaluate the impact of PHEVs' scheduling on economic performance of smart grid.
INTRODUCTION
N the deregulated electricity markets, each player can maximize its own profit by participation into market [1] . Upcoming deployment of plug-in hybrid electric vehicles (PHEVs) and fully electric vehicles (EVs) can integrate a huge amount of electrical storage into the electric utility grid. Current plans only allow for this storage to extract power from the grid through charging. With relatively small modifications in design of these vehicles, power could also be transferred into the grid from their batteries. Since PHEVs and EVs already have the necessary electronics to drive their electric motors, programming and wiring adjustments can be made to turn their power electronics into inverters suitable for grid interactions [2] . Alternatively, kits can be used to retrofit existing vehicles [3] .
As the price of batteries decrease and the amount of personal distributed generation increases, consumers are likely to be interested in either selling power obtained from i) nightly charging at cheap prices or ii) their own generation such as photovoltaic (PV) or small wind turbines. Storage is especially beneficial for wind power, since its power generation fluctuates greatly throughout a given day [4] [5] [6] [7] . If variable electric pricing is implemented, homes that produce extra wind power at night might want to store that power in their vehicles to either drive with or sell during peak pricing.
Since these vehicles are likely to be parked in some type of parking lot during the day, a parking lot capable of selling this excess power would be needed [8] [9] .
In large parking lots with hundreds of vehicles, selling power in bulk could allow the parking lot operator to enter the peak power market where the best prices are available [10] . The goal for the operator would then be to maximize profits by selling the excess power in these vehicles at the times when the market power price is highest. Due to the frequent turnover of vehicles in a parking lot, scheduling issues arise that make it difficult to determine the appropriate time for a given vehicle to buy or sell power [11] [12] [13] [14] . The optimal time to charge and discharge must be determined combined within the parking lot and vehicle owner's limitations and thus calls for an intelligent optimization algorithm capable of handling nonlinear and discontinuous variables [15] [16] .
Particle swarm optimization (PSO) is an iterative stochastic optimization algorithm based on the movement patters of flocks of birds or schools of fish [17] . The algorithm is able to search a multi-dimensional solution space by collectively searching with different particles and communicating the best solutions found to the other particles. This communication allows for an intelligent decision to be made on where each particle should move at each iteration to find the best possible solution [18] . Random variations and weighting factors are also used in the algorithm to prevent early convergence where a local minimum is present. Binary particle swarm optimization (BPSO) applies the same stochastic search methodology as PSO except that it handles problems with discrete variables instead of the continuous variables [19] . The SMEMS optimizes the MG operation according to the power prices of the grid, the bids and the forecasted generation of the DG units, the bids and the forecasted battery status of the PHEVs, and the load curves, by determining their power dispatch.
In this paper, BPSO is applied to intelligently schedule whether each vehicle should buy, sell, or hold at every time step that it is in a parking lot. The typical results presented demonstrate the effectiveness of the BPSO algorithm to schedule optimal buying and selling times for a fleet of vehicles. Vehicle sets of 50, 500, and 5000, initialized within some given parameters, are tested and show the scalability of parking lots for V2G integration. The results are compared with buying or selling power only at the best corresponding price. The BPSO algorithm accurately finds near optimal solutions and significantly increases the potential profits for the vehicle owners.
Because most of the parameters entering the analysis are not known with certainty, they are treated as random variables with prescribed probability distributions and the whole process is treated as a stochastic optimization problem. The paper is organized as follows. Section 2 describes the stochastic optimization problem for PHEV scheduling, and Section 3 defines the optimal power flow in presence of parking lots. Section 4 introduces a BPSO algorithm followed by the description of the stochastic optimization process in Section 5. An application of the proposed methodology to assess for large parking lot is discussed in Section 6. Conclusions in Section 7 summarize new developments and outline the future work planned in this area.
SYSTEM DESIGN
The parking lot system is a scalable set of vehicles each with its own system parameters within the ranges defined in Table 1 . Each parameter is determined by a uniformly distributed random number in each variable range. A given day is split up into hourly intervals to coincide with the hourly prices taken from the California Independent System Operators (CAISO) website [20] . The losses from charging and discharging limit the ability of a vehicle to charge when prices are low and sell when prices are high. Therefore only a certain number of power cycles are economical.
In this study, it is assumed that each parking lot and the vehicles have an infinitely large connection to the grid to avoid possible current limitations. This assumption allows for observation of the maximum possible grid transactions. While transactions between two vehicles are possible, it is unlikely that circumstance would arise. Since power transactions are driven by price thresholds it would be costly to buy at the same time when it is economical for another vehicle to be selling. This situation can occur however if a vehicle is present for a very short period of time and needs to charge [21] . With all vehicles being on the same bus, selling amongst vehicles simply results in a smaller grid power transfers. A typical parking lot setup is shown in Figure 1 . At each vehicle's departure time the battery state of charge (SoC) is expected to be at a certain desirable level. For the studies in this paper, every vehicle is assumed to have the same desired departure SoC of 60%. As an added limitation, once a vehicle reaches this desired departure SoC it can never be discharged below this level [22] . This limitation or a similar discharge restriction would likely be implemented in a real system to account for situations where a vehicle unexpectedly leaves before its expected departure time [23] . While PHEVs can make up for a lower SoC by using their alternative fuel sources, EVs cannot [24] . Vehicle owners should be able to determine their minimum SoC in a real implementation, but this scenario is not considered in this study [25] .
PARTICLE SWARM OPTIMIZATION
PSO is an optimization algorithm suitable for finding potential solutions for multidimensional problems using real valued variables [26] . The solution search is performed in a stochastic nature allowing the algorithm to overcome nonlinear, non-differentiable, and discontinuous problems. A set or population of potential solutions is known as a swarm. These potential solutions are referred to as particles and each one searches for the solution with a degree of independence from every other. In each iteration, the particles use their previous best solution as well as the swarm's best solution. In this way, the particles are guided collectively toward better and better solutions [27] .
BPSO is a binary version of PSO where position updates correspond to bit changes. The difference between the versions is in how the positions are updated. The velocity is first calculated using (1), but a new normalized velocity term is also calculated by applying the sigmoid equation to the velocity as shown in (2) . This new velocity term is constrained in the range [0-1]. The new position is then determined by (3) using the new velocity found from (2) . The positions of the particles in BPSO can represent any of the three possible statuses of the vehicles. These statuses are namely-vehicle selling power, vehicle buying power and vehicle not buying nor selling. Two bits are used to define the three statuses of the vehicles that have been defined. The binary search is performed as described below.
1. Initialize a population of particles, each representing a possible solution, by assigning random solutions within the given solution space to the problem's variables.
2.
Evaluate fitness function assigned to the problem. In this application equation (7) is used with better solutions having a higher result when the fitness function is evaluated. 3. For each particle, compare the fitness at the current iteration with the particle's best previous fitness. The best previous solution for a particle is known as its personal best or Pbest solution. 4. Select the best solution of all the Pbest solutions to be the global best or Gbest solution. 5. Update of every particle velocity using (1) and (2), and position using (3). 6. Repeat steps 2-5 until a global solution is found within a predefined number of iterations. In this study the number of iterations is 100.
According to different policies, the grid can be considered as a unidirectional generator unit or a bidirectional generator unit. In unidirectional operation mode, the MG can only absorb power from the grid. In bidirectional operation mode, the MG cannot only absorb power from the grid, but also export power to the grid. The MG is an office block and the energy system of the MG is shown in Fig. 1 . Taking the uncertainty of the energy system into account, a novel smart MG energy management system (SMEMS) is presented to optimize the energy flow among the DG units, the PHEVs, the grid, and load and thus to minimize the TC. The objective of the SMEMS is to generate suitable set points for all the sources and PHEVs in such a way so that economically optimized power dispatch could be maintained to fulfill certain load demand.
CASE STUDIES
In this paper, the two following case studies show different methods for determining how a vehicle should buy and sell power throughout a given day [28] . The decisions are based upon the market prices given by CAISO for different days. The day selected for the majority of the study was arbitrarily determined and is August 07, 2008. The other two dates chosen for use as a comparison of different price curves are December 07, 2007 and April 07, 2008. By spreading out the dates, different seasonal conditions are considered and examined. Figure 2 shows the hourly average clearing price for August 07, 2008 and Table 2 lists the prices for all three days mentioned above. The prices are read from the graphs and therefore are estimated prices. For the purposes of these studies they are accurate enough to generalize how the scheduling would be performed on the given days [29] [30] [31] [32] [33] [34] [35] [36] . 
A. Case Study 1 -Sell at Maximum Price or Purchase at Minimum Price:
This first case study takes the price curve and finds the best (maximum) selling price for each vehicle over the desired departure SoC of 60% and the best (minimum) buying price for each vehicle under the desired departure SoC. With this strategy, a single transaction occurs for each vehicle in a given day. This limitation results in lower profit potential but the schedule is very easy to determine [34] .
Since each vehicle has a defined charging and discharging efficiency, an extra factor is needed in the profit and cost equations [35] . The cost and revenue resulting from the transactions at each vehicle's optimal hour of buying or selling are found using (4) and (5). Table 3 shows the results for this case study and is compared to those of case study 2. The SMEMS optimizes the MG operation according to the power prices of the grid, the bids and the forecasted generation of the DG units, the bids and the forecasted battery status of the PHEVs, and the load curves, by determining their power dispatch. A PV array consists of a collection of solar cells. Since the power produced by a PV system depends critically on the variability of solar irradiance and environmental factors, unexpected variations of a PV system output may increase operating costs for the electricity system.
B. Case Study 2 -Multiple Purchases and Sells:
This second case study allows for multiple transactions to occur for each vehicle throughout the day. Multiple transactions allow for higher profits but greatly increase the scheduling difficulty. Higher profits are achieved by buying power when the price is low then selling it at a higher price later in the day. BPSO is used to find the solution for each vehicle individually. Since there are no common constraints between vehicles in this study, it is much easier to schedule buy and sell times on a per vehicle basis. Two bits are used to represent buy, sell, and hold. Specifically, buying is represented by '11', selling by '00', and hold by '10' or '01.' Since priority should not be given to either buying or selling, holding is allowed to be represented by the extra state. There are 24 sets of these bits, one for each hour, but not each set is used for a given vehicle. The arrival and departure times define the time window that transactions are allowed. Therefore the buying and selling information outside of the determined time window is disregarded. The BPSO algorithm evaluates the fitness of each particle in a very similar manner as the first case study. Instead of finding the best time to buy or sell, the algorithm finds the best combination of times to buy and then sell later. With buying, selling, and holding at each time step defined for each particle, (4) and (5) are used again except at more than once if possible. Also after every transaction the available kWh (kWh) of each vehicle is updated according to (6) to keep track of the batteries' SoC. Since the schedules of each vehicle is independent of each other, the BPSO algorithm only needs to find the appropriate schedule for one vehicle at a time. This separation of the problem greatly reduces the dimensionality of the problem and allows the parking lot operator to quickly find a good schedule.
RESULTS
The results section is divided into three sections with each section comparing case studies 1 and 2. The first section shows the scalability of the parking lot system by showing the scheduled magnitude of power transactions, monetary transactions, and number of vehicles involved in the V2G transactions per hour. The second section focuses on how a different price curves affect the V2G transactions results. The same 500 vehicle parking lot is used with the three different price curves form Table 2 . The last section shows the consistency of results for a given parking lot with 10 different vehicle settings and then for 10 different parking lots. The results shown in Table 3 indicate that case study 2 not only significantly increases the profits of a given parking lot but also significantly decreases the net power out to the grid. The reason for the smaller net power is the efficiency drops. Every time a vehicle buys power from the grid and sells later there are two efficiency drops, one for the charger and one for the inverter. Given that the only goal of these case studies is profit maximization the results are still very good. Figures 3 to 8 show a clear pattern in the grid power transactions. All three cases look very similar except scaled up from 50 to 500 to 5000.
When comparing the results for the three-different price curves in Figure 9 , it is evident that prices can vary greatly at different times of the year as well as within one day. Every day sees a large increase in profit when using the intelligent algorithm to find the appropriate buy and sell times. As expected the net power for CS1 is exactly the same on each day. Table 4 shows that the same amount of power is used to charge and discharge the vehicles since the vehicle parameters are identical.
C. Consistency of Solutions:
The results of running the BPSO algorithm on the same 500 vehicle set 10 times are shown in Table 5 . Since the BPSO algorithm is stochastic and the maximum number of internal BPSO iterations is limited to 100, the same solution is not found each time. With a standard deviation of less than $1.00 or 0.045% of the average, the solutions in each case were very close to each other. Implementation of an improved BPSO algorithm or an increase in the number of internal BPSO iterations would increase the consistency and accuracy, but the results are still very good.
The study of 10 different vehicle sets with the same price curve as in Table 6 shows that as the number of vehicles in each set increases, the differences between vehicles begin to average out. With 10 different randomly initialized vehicles sets defined within the constraints of Table 1 , the standard deviation in profit is only $22.22 or 0.01% of the average. This conclusion suggests that with an accurate market price curve and estimate of the number of incoming vehicles, the profit made in a given day can be predicted with a small margin of error. Data over the course of a parking lot's lifetime can aid the operator in determining average vehicle parameters. Tables 7 and 8 show the best schedules found by the BPSO algorithm on August 07, 2008 for the 50 vehicles parking lot. Now that a preliminary parking lot power transaction scheduling technique has been explored different additional problems can be included. The next step is to implement a vehicle set with proportional buying and selling to account for system and vehicle current limits as well as setting unique thresholds for charging and discharging each vehicle. In a real implementation these limitations are present and affect the overall scheduling of the parking lot. To verify the effectiveness of the proposed TCA scheme and the optimal planning strategy model, the simulation results are compared using four methods: (i) M1, wherein DERs are planned without considering the effects of TCA. Transmission costs are allocated for settlement with the postage stamp method; (ii) M2, wherein DERs are planned without considering the effects of TCA. Transmission costs are allocated for settlement with the TCA method from [34] . This method ignores the effects of DERs' fast-response capability on TCA; (iii) M3, wherein DERs are planned without considering the effects of TCA. 
CONCLUSIONS
In this work an optimal scheduling algorithm for V2G energy and ancillary services is formulated. This algorithm simultaneously schedules energy sales and multiple ancillary services. In addition, algorithms for performing the V2G ancillary services are developed. Simulation on the Houston area of the ERCOT system using a group of 10 000 commuter EVs show that the algorithms offer significant financial benefits to customers and aggregators for different battery replacement costs. Additional system flexibility as well as peak load reductions are also observed, which can aid the system in integrating additional intermittent renewable energy sources. Though there are several challenges that must be overcome before V2G can be fully implemented at a commuter EV level, the cases of utility owned CES and heavy duty commercial EVs are not hindered by those challenges. The proposed intelligent BPSO algorithm based approach to determining buying and selling times throughout a day successfully found very profitable solutions. In every test, comparing case studies 1 and 2, the results proved that multiple power transactions in a day resulted in much higher profits. The results also show that if profit is the only goal of the hybrid parking lot then the net power into the grid is greatly reduced. If a different fitness functions is defined such as replacing the price curves with power demand curves to offset peak power, different grid issues can be solved.
